Background: Reducing preventable hospital readmissions after coronary artery bypass
CABG readmissions was $151 million. 4 In 2016, the Centers for Medicare and Medicaid Services started tracking CABG readmission rates and in 2017 CMS started penalizing hospitals whose readmission rates were significantly higher than the national average in an attempt to reduce hospital readmission and to curb costs.
It is well known that predictive models can be used to identify patients at high risk for readmission and to target interventions based on risk stratification. [5] [6] [7] [8] [9] However, the majority of the existing risk prediction models are based on data available at discharge. While these models may provide considerable value, they tend to give clinicians a small window of time to provide the close monitoring required for patients at high risk for readmission. Our own experience, as well as other research, suggests that predictive models developed with data available shortly after admission have similar performance but they allow more time for interventions to be started. [10] [11] [12] [13] [14] In this study, we investigated whether data available before isolated CABG surgery could be used to develop a predictive model for the identification and risk stratification of patients at high risk of 30-day all-cause readmission. We aimed to identify all the risk factors that were electronically available in our electronic medical record and to evaluate their individual correlation with 30-day allcause readmission. An additional aim of this study was to validate the predictive model on a prospective cohort of isolated CABG procedures. or for whom either the 30-day readmission outcome (data abstractor was unable to ascertain the readmission data) or the needed risk factors were missing from the medical record were excluded (n = 96). The continuous predicted probability of readmission was categorized into tertiles of risk in order to derive low, medium, and high readmission categories. Readmission differences between the three groups were compared with the Pearson chi-square test. When significant differences between groups were observed, post hoc comparisons were performed with the Fisher exact test. To avoid bias in model development, the validation cohort was only analyzed after the risk model was derived. Data were analyzed using Stata 13 statistical software (StataCorp LP, College Station, TX).
| METHODS

From
| RESULTS
The average age of the patients included in the derivation cohort was 66.7 years (range, 24-95 y). The cohort was predominantly male (79.6%) and only 25.3% of the patients reported being current cigarette smokers. Diabetes was documented in 41.5% of the patients while hypertension was documented in 82.7% of the procedures. Lab values and preoperative medications are shown in Table 1 .
There were 237 (9.1%) readmissions in the derivation cohort. The area under the curve (15%), respiratory issues (13%), deep vein thrombosis/stroke (11%), heart rhythm issues (11%), gastrointestinal issues (10%), heart failure (9%), blood pressure (7%), diabetes (6%), wound care (5%), and other (13%). Readmitted patients tended to be significantly older (68. 
| DISCUSSION
In this study, we developed and prospectively validated a predictive model for the identification and risk stratification of readmission following CABG. The novelty of this model is that it assessed isolated CABG patients early during their hospitalization using electronic data that are available in most electronic medical records. Because the risk factors included in this model are found in the STS database, the findings of this study may be of particular value for the over 1000 STS database participants.
With the derived coefficients from the multivariate logistic regression, we created a readmission risk score for isolated CABG patients. The readmission risk score cutoffs for the three risk groups were: low risk (CRRS < 0.065), medium risk (0.065 ≤ CRSS < 0.096), and high risk (CRRS ≥ 0.096). Patients at high risk in both, the derivation and the validation, cohorts had worse outcomes than both low-and medium-risk patients (Figure 2 ). The area under the curve cstatistic in the validation sample was higher (0.65) than the one obtained from the derivation cohort (0.63). However, this "optimism" is a well-known statistical phenomenon among split-sample analyses 16 ;
therefore, a bootstrap-corrected area under the curve was calculated The biggest advantage of the derived risk score is that it can be easily calculated (only five variables) with risk factors commonly available soon after admission. In contrast, the model developed by CMS has 25 predictors. 9 The availability of the CMS's model predictors depends heavily on the documentation and coding of risk factor which is not finished until after the patient has been discharged. A second advantage is timeliness with which the readmission risk score presented here can be made available for the identification of patients at high risk for 3-day all-case readmission. Arguably, the timely availability of the risk score should trigger heightened awareness of risk and customized advanced strategies that could prevent hospital remissions. For example, high readmission risk patients may have a follow-up visit within 7 days of discharge or if such high-risk patients are discharged to a skilled nursing facility perhaps a physician assistant or a nurse could be assigned to make monitoring calls or even a visit when necessary. These readmission reduction strategies have been implemented at our four cardiovascular surgery hospitals.
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| LIMITATIONS
While the results of this study are valuable, more research is required to confirm these findings in larger populations. More research also is needed to determine how a readmission risk score should be used to ameliorate the readmission risk (eg, what thresholds should be used to take action in implementing additional treatments, higher medication doses, more labs, closer monitor of patients, keeping patients for longer hospital stays, etc.).
This study may be limited by the study population size and the results should be considered exploratory. However, this study population had a substantial number of hospital readmissions and thus was large enough to appropriately ascertain the predictive capabilities of the derived model. Although readmission data were reliably collected, this study may also be limited by the possibility that some readmissions were missed due the inability of our data abstractors to contact some patients, but previous studies have shown that the vast majority of patients treated at Intermountain hospitals are readmitted to facilities in the same health system. 17, 18 Lastly, the predictive power of the model presented here was limited by the exclusion of postoperative risk factors such as renal failure or postoperative infection. Multivariable predictors (P 0.05) of 30-day readmission in the derivation cohort and the formula for calculating the Risk of Readmission: logit (P) = ln (P/1−P) = −3.28 + 0.027 (Age) + 0.436 (Prior heart failure) − 0.373 (Total albumin) + 0.366 (Previous myocardial infarction) + 0.433 (History of diabetes). CI, confidence interval; OR, odds ratio.
FIGURE 1
Area under the ROC curve (AUC) plots for predictive model fitted on: A, development data set; and B, bootstrap samples (R = 500 replicates). ROC, receiver operating characteristic FIGURE 2 A 30-day all-cause readmission rate in the validation and the derivation cohorts after stratification into low risk (CRRS < 0.065), medium risk (0.065 ≤ CRSS < 0.096), and high risk (CRRS ≥ 0.096). Patients at high risk in both cohorts had worse outcomes than both lowand medium-risk patients. The area under the curve c-statistic was 0.63 in the derivation sample and 0.65 in the validation sample showing good discrimination
